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57 ABSTRACT

A machine receives a group of members of a data set. The
machine identifies key symbols from the members of the
group or the data set. The machine then calculates, for each
key symbol, a weighted magnitude for the key symbol in the
group. The machine can then sort the key symbols according
to their weighted magnitudes, and filter out common key
symbols. The uncommon key symbols, as sorted according to
their weighted magnitudes, can form a name for the group.

18 Claims, 12 Drawing Sheets
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STRUCTURED RELEVANCE—A
MECHANISM TO REVEAL WHY DATA IS
RELATED

RELATED APPLICATIONS

This application is related to U.S. patent application Ser.
No. 13/033,490, titled “STRUCTURED RELEVANCE—A
MECHANISM TO REVEAL HOW DATA IS RELATED,”
filed Feb. 23, 2011, which is commonly assigned with this
application and is hereby incorporated by reference.

This application is related to U.S. patent application Ser.
No. 12/568,190, filed Sep. 28, 2009, titled “OPTIMAL
SEQUENTIAL (DE)COMPRESSION OF DIGITAL
DATA”, U.S. patent application Ser. No. 12/575,767, filed
Oct. 8, 2009, 2009, titled “FAST APPROXIMATION TO
OPTIMAL COMPRESSION OF DIGITAL DATA”, U.S.
patent application Ser. No. 12/616,306, filed Nov. 11, 2009,
titled “DIGITAL SPECTRUM OF FILE BASED CON-
TENTS”, U.S. patent application Ser. No. 12/649,584, filed
Dec. 30, 2009, titled “OPTIMIZED PARTITIONS FOR
GROUPING AND DIFFERENTIATING FILES OF DATA”,
U.S. patent application Ser. No. 12/649,688, filed Dec. 30,
2009, titled “STOPPING FUNCTIONS FROM GROUPING
AND DIFFERENTIATING FILES BASED ON CON-
TENT”, U.S. patent application Ser. No. 12/637,807, filed
Dec. 15, 2009, titled “GROUPING AND DIFFERENTIAT-
ING FILES BASED ON CONTENT”, and U.S. patent appli-
cation Ser. No. 12/684,313, filed Jan. 8, 2010, titled
“GROUPING AND DIFFERENTIATING VOLUMES OF
FILES”, all of which claim the benefit of U.S. Provisional
Patent Application Ser. No. 61/271,079, filed Jul. 16, 2009
and U.S. Provisional Patent Application No. 61/236,571, filed
Aug. 25, 2009, all of which are incorporated by reference.

FIELD

This invention pertains to organization of data, and more
particularly to why data is grouped together based on content.

BACKGROUND

The Internet is an excellent resource for searching for
information. Over the years, many different search engines
have been designed to provide users with easy ways to search
for data. Recent improvements in search engines include
predictive searching, where the search engine predicts the
user’s search term based on what previous users have
searched for that start with the same terms.

But the organization of the data returned as a result of a
search is not an area that is well developed. Search engines
return the data organized by what seems most likely to be
desired by the user. While a reasonable strategy when the
search term is fairly specific, this strategy does not work so
well when the search terms are broad (either intentionally or
accidentally). For example, a search for the term “Paris”
could result in information relating to Paris, France (the city),
Paris Hotel (the casino in Las Vegas, Nev.), or Paris Hilton
(the socialite). Because it is likely that different users search-
ing for the term “Paris” have intended all three targets, the
results of a search for the term “Paris” will have results for all
three targets intermixed. Thus, a user interested only in Paris,
France would need to manually skip over entries relating to
the casino and the socialite from the results. The situation
becomes even more complicated when the user might be
interested in combinations of the information: for example,
information about the last time Paris Hilton stayed at the Paris
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2

Hotel. And even knowing how the data is grouped does not
tell a person anything about why the data is grouped the way
it is.

A need remains for a way to address these and other prob-
lems associated with the prior art.

SUMMARY

A machine can receive group of members of a data set. The
machine can identify key symbols in the group of members.
For each key symbol, the machine can calculate a weighted
magnitude. The machine can sort the key symbols according
to their weighted magnitudes, filtering out common key sym-
bols. The uncommon key symbols, as sorted by their
weighted magnitude can form a name for the members of the
group.

The foregoing and other features, objects, and advantages
of the invention will become more readily apparent from the
following detailed description, which proceeds with refer-
ence to the accompanying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 shows a machine to determine how members of a
data set are related, according to an embodiment of the inven-
tion.

FIG. 2 shows how the machine of FIG. 1 can take descrip-
tions of relationships among the members of a data set, con-
struct a graph representing those relationships, and use the
graph to respond to a query.

FIG. 3 shows an example of various groups in the graph of
the members of the data set produced by the machine of FIG.
1.

FIG. 4 shows a flowchart of a procedure for constructing a
graph representing the relationships among members of a
data set, according to an embodiment of the invention.

FIG. 5 shows a flowchart of a procedure to use the graph
representing the relationships among members of a data set to
respond to a query, according to an embodiment of the inven-
tion.

FIG. 6 shows a machine that can join groups in the graph
representing the relationships among members of a data set,
according to an embodiment of the invention.

FIG. 7 shows an example of two groups being joined by the
machine of FIG. 6.

FIG. 8 shows a flowchart of a procedure to join groups in
the graph representing the relationships among members of a
data set, according to an embodiment of the invention.

FIG. 9 shows a machine that can determine why members
of a data set a related, according to an embodiment of the
invention.

FIG. 10 shows details about the weighted magnitude cal-
culator of FIG. 9.

FIG. 11 shows details about the sorter of FIG. 9.

FIG. 12 shows a flowchart of a procedure to describe why
members of a data set a related, according to an embodiment
of the invention.

FIG. 13 shows a flowchart of a procedure to calculate the
weighted magnitude for a key symbol, according to an
embodiment of the invention.

DETAILED DESCRIPTION

Before describing how the invention solves the problem of
understanding how and why members of a data set are related,
it is useful to understand a few example problems that the
invention can solve:
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A new employee at a company is given the task of inven-
torying a large data server. The employee is told that the
server was used by a team that was recently disbanded,
and that some key findings were in one version of a file,
but there is a concern that those key findings had been
deleted from a later version of the file. The files were
shared by various team members and the names are not
consistent and so it is impossible to tell from the file
names if the files are different versions of each other. The
employee is told to find all files that are related to each
other and why. The employee is told to not only try to
find versions of these specific known files but any other
versions of any other files, since the CIO expects if they
had this one problem, there might be other instances of
the same problem in other files. In order to know that
they versions of files without reading each entire file in
each relevancy group, the employee needs to know how
and why the data in each relevancy group is related.

Two companies are merged under somewhat hostile terms
and one research teams resigns en masse. They leave
their data, but no “baton passing” to understand what the
data is and how it is structured and what it means. They
have terabytes of data that remaining research teams
need to comb through the data, not knowing exactly
what the research teams are looking for. Tools exist to
find related data, but then the research teams will want to
know how and why the data is related.

A collaborative effort is underway by 5 different compa-
nies to find out why quality assurance metrics are
recently down on their related manufacturing processes.
They know that the end result is more failures in a
specific material that is being manufactured, but they do
not know why. They want to share their data with each
other but they do not know exactly what they are looking
for. Once they find related data, they want to know how
and why it is related.

Now that some example problems that show the need for
understanding how and why data is related have been
described, the solution can be explained. FIG. 1 shows a
machine to determine how members of a data set are related,
according to an embodiment of the invention. In FIG. 1,
machine 105 is shown. Machine 105 can be any machine
capable of determining how and/or why data is grouped in a
particular way. Examples of forms machine 105 can take
include servers, personal computers, mainframes, smart
phones, and tablet computers, among other possibilities.
Machine 105 can include computer 110, monitor 115, key-
board 120, and mouse 125. A person skilled in the art will
recognize that other components not shown in FIG. 1 can be
included with machine 105: for example, other input/output
devices, such as a printer. In addition, FIG. 1 does not show
some of the conventional internal components of machine
105; for example, a central processing unit, memory, storage,
etc. Finally, although FIG. 1 shows machine 105 as a conven-
tional desktop computer, a person skilled in the art will rec-
ognize that machine 105 can be any type of machine or
computing device capable of providing the services attributed
herein to machine 105, including, for example, a laptop com-
puter, PDA, or a cellular telephone.

Machine 105 includes various components. Input port 130
is responsible for receiving information into machine 105.
For example, input port 130 can receive information about
how various members of a data set are related, which can be
used to determine how and why the members of the data set
are grouped in a particular manner. Input port 130 can also
receive a query, which can be answered using information
about the various members of the data set.
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Graph constructor 135 is responsible for constructing a
graph that represents the relationships among the members of
the data set. This graph makes it possible to more easily
understand how the members of the data set are grouped, and
why.

Query results module 140 is responsible for processing a
query and producing results for that query. These results can
factor in how the members of the data set, over which the
query applies, are related, making it easier to identify which
members of the data set are most appropriate in response to
the query.

Group balance determiner 145 provides additional func-
tionality, in that there may be groups in the data set that are not
well balanced. Assuming an unbalanced group can be found
using group balance determiner 145, heavy sub-tree splitter
150 can be used to adjust the groups, splitting off heavy, or
unbalanced, sub-trees to better balance the group.

Although FIG. 1 describes receiving information about
how members of a single data set are related, a person of
ordinary skill in the art will recognize that embodiments of
the invention can be generalized to multiple data sets. That is,
machine 105 can process information about how members of
multiple data sets are related. Essentially, the multiple data
sets can be subject to a union operation, creating a single data
set including all the members of all the data sets, and machine
105 can then information about how the members of this
single data set are related.

FIG. 2 shows how the machine of FIG. 1 can take descrip-
tions of relationships among the members of a data set, con-
struct a graph representing those relationships, and use the
graph to respond to a query. InFIG. 2, the machine (not shown
in FIG. 2) can receive relationship description 205, which
describes relationships among the members of a data set. For
example, relationship description 205 can specify, for each
member of the data set, what other member of the data set is
closest to that member, and the distance between that member
and its closest neighbor. This description of relationships is
shown in inset 210, which is a subset of the relationships
described in Table 1.

TABLE 1

member O is 12 units from member 37
member 1 is 24 units from member 9
member 2 is 32 units from member 3
member 3 is 29 units from member 27
member 4 is 14 units from member 95
member 5 is 27 units from member 26
member 6 is 23 units from member 27
member 7 is 24 units from member 27
member 8 is 11 units from member 73
member 9 is 14 units from member 95
member 10 is 4 units from member 11
member 11 is 4 units from member 10
member 12 is 13 units from member 11
member 13 is 5 units from member 15
member 14 is 4 units from member 15
member 15 is 3 units from member 16
member 16 is 3 units from member 15
member 17 is 4 units from member 18
member 18 is 4 units from member 17
member 19 is 25 units from member 27
member 20 is 27 units from member 27
member 21 is 25 units from member 27
member 22 is 25 units from member 80
member 23 is 28 units from member 27
member 24 is 24 units from member 27
member 25 is 27 units from member 88
member 26 is 12 units from member 29
member 27 is 13 units from member 26
member 28 is 25 units from member 59
member 29 is 12 units from member 26
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TABLE 1-continued

member 30 is 22 units from member 27
member 31 is 29 units from member 27
member 32 is 29 units from member 27
member 33 is 19 units from member 27
member 34 is 26 units from member 33
member 35 is 19 units from member 66
member 36 is 13 units from member 73
member 37 is 13 units from member 0

member 38 is 19 units from member 27
member 39 is 20 units from member 27
member 40 is 27 units from member 27
member 41 is 34 units from member 27
member 42 is 26 units from member 43
member 43 is 26 units from member 42
member 44 is 27 units from member 42
member 45 is 24 units from member 46
member 46 is 24 units from member 45
member 47 is 20 units from member 27
member 48 is 15 units from member 51
member 49 is 28 units from member 51
member 50 is 20 units from member 51
member 51 is 15 units from member 48
member 52 is 12 units from member 54
member 53 is 30 units from member 68
member 54 is 12 units from member 52
member 55 is 25 units from member 71
member 56 is 8 units from member 57

member 57 is 8 units from member 58

member 58 is 8 units from member 57

member 59 is 9 units from member 58

member 60 is 20 units from member 27
member 61 is 21 units from member 63
member 62 is 24 units from member 59
member 63 is 20 units from member 59
member 64 is 18 units from member 70
member 65 is 16 units from member 71
member 66 is 14 units from member 71
member 67 is 16 units from member 68
member 68 is 13 units from member 71
member 69 is 16 units from member 68
member 70 is 17 units from member 68
member 71 is 13 units from member 68
member 72 is 19 units from member 64
member 73 is 12 units from member 8

member 74 is 26 units from member 77
member 75 is 29 units from member 74
member 76 is 27 units from member 74
member 77 is 26 units from member 74
member 78 is 29 units from member 74
member 79 is 20 units from member 27
member 80 is 19 units from member 27
member 81 is 21 units from member 27
member 82 is 22 units from member 81
member 83 is 20 units from member 80
member 84 is 21 units from member 27
member 85 is 22 units from member 84
member 86 is 12 units from member 37
member 87 is 23 units from member 11
member 88 is 18 units from member 26
member 89 is 21 units from member 59
member 90 is 24 units from member 59
member 91 is 28 units from member 59
member 92 is 23 units from member 27
member 93 is 21 units from member 27
member 94 is 20 units from member 27
member 95 is 15 units from member 4

A person of ordinary skill in the art will recognize that the
“closest” relationship, which can also be called a “nearest
neighbor” relationship, depends on the data in the member
itself, and thus is not necessarily a symmetrical relationship,
nor is the relationship based on a calculated distance between
the members. That is, just because member B is the nearest
neighbor of member A does not automatically imply that
member A is the nearest neighbor of member B. For example,
it could happen that member B is the nearest neighbor of
member A, but member C is the nearest neighbor of member
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B. Further, it could happen that the distance between mem-
bers A and B is less than the distance between members B and
C.

This non-symmetrical relationship can lead to some
unusual results. For example, it is theoretically possible that
member B is closest to member A, member C is closest to
member B, and member A is closes to member C, which
would seem to be a contradictory result. But empirical testing
has not encountered this situation: as discussed below with
reference to FIG. 3, every group in empirical testing has had
a core of two members. For purposes of this discussion, a
“core” (or “core group”) is a set of members of the data set
such that there is a path from any member of the data set in the
core to each other member of the data set in the core, travers-
ing via the nearest neighbor links. Put another way, the core
consists of a set of members of the data set form a cycle.

Returning to FIG. 2, graph constructor 135 takes the
description of relationships 205, and uses them to produce
graph 215, which graphically represents the relationships
between the members of the data set. While FIG. 2 shows
graph 215 as a simple graph with only three nodes in a tree
structure, a person of ordinary skill in the art will recognize
that the graph can have any number of nodes (normally, one
node for each member of the data set), and does not have to be
in a tree structure. In fact, as discussed below with reference
to FIG. 3, the graph does not even require that each pair of
nodes be connected by some path. Instead, the nodes can be
grouped together, so that nodes in one group are not con-
nected to nodes in another group.

Query results module 140 can take graph 215 and query
220 and produce query results 225, which is the results of the
query as applied to the data set. To that end, query results
module 140 can include a best member identifier 230 that
identifies the member of the data set that best responds to the
query, and group identifier 235, which identifies the group to
which the best member belongs. In this manner, other mem-
bers of that group can be positioned as more responsive to the
query than members of the data set that are in another group.

FIG. 3 shows an example of various groups in the graph of
the members of the data set produced by the machine of FIG.
1. In FIG. 3, several groups are shown from graph 215. As
only a subset of the nodes are shown (for example, FIG. 3
does not show nodes 1-11,16-33, 35, 37-43, 45-50,54-62, 70,
73-84, and 86-95 (assuming that the nodes are numbered
sequentially to represent members of the data set described in
Table 1), a person of ordinary skill in the art will recognize
that there are several other groups not shown in graph 215. A
person of ordinary skill in the art will also recognize that the
distances shown in FIG. 3 between nodes in groups is
approximate, and the graph is not necessarily representative
of the true distances between nodes.

Looking at graph 215, a few features are apparent. First,
group 305 is the smallest of the groups shown. It includes only
two members (nodes 52 and 54), each of which is the nearest
neighbor of the other. In fact, in each of groups 305, 310, 315,
and 320, there are two nodes that are each other’s nearest
neighbors. As mentioned above with reference to FIG. 2,
there is nothing that requires each group in graph 215 to have
two nodes, each of which is the nearest neighbor to the other.
But empirical results have shown that this rule, if not always
true, is true most of the time. For purposes of further discus-
sion, this set of nodes within a group, where each node is the
nearest neighbor of the other, is called a “core”.

Groups 310, 315, and 320 become progressively more
complex. Group 310 includes a core with nodes 0 and 37,
group 315 includes a core with nodes 15 and 16, and group
320 includes a core with nodes 68 and 72. Group 310 includes
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one additional node (node 86); group 315 includes two addi-
tional nodes (13 and 14); and group 320 includes 10 addi-
tional nodes (nodes 35, 45, 53, 64, 65, 66, 67, 69, 70, and 73).

For each group, a strength can be defined. The strength of
a group is combination of the group’s order, weight, and
distance. The order of a group is the number of nodes in the
group. The weight of a group is the depth of the deepest
sub-tree in the group: that is, the maximum number of hops
that need to be made from any node in the group to reach the
core. And the distance of a group is the average of the dis-
tances from each node to its nearest neighbor. A person of
ordinary skill in the art will understand that the term “aver-
age” means (mathematically) the mean of the distances. But
aperson of ordinary skill in the art will also recognize that an
alternative method for calculating an “average” can used. For
example, the “average” can be a weighted average, using a
weight for each distance. Or, the “average” can be a geometric
average. Or, the “average” can be (mathematically) the
median or mode of the distances. A person of ordinary skill in
the art will recognize other possible “averages” that can be
used.

For each of the order, weight, and distance, a smaller num-
ber indicates a stronger group. The strength of the group can
be represented as a vector that includes these three values,
where the order is more significant than the weight, and the
weight is more significant than the distance. Table 2 shows the
strengths of the groups shown in FIG. 3:

TABLE 2
Group: Order:  Weight:  Distance: Strength:
group 305 2 0 12 <2, 0, 12>
group 310 3 1 12.33 <3, 1, 12.33>
group 315 4 1 3.75 <4, 1, 375>
group 320 12 3 17.17 <12, 3, 17.17>

A few facts can be seen from Table 2. First, the strongest
group is group 305, as it has the smallest order. In addition, as
group 305 is a core group (that is, it includes no nodes that are
not part of the core), group 305 is considered stronger than
non-core groups (that is, groups that include nodes that are
not part of the core of the group). If there are multiple core
groups (wWhich can happen), then they would all have the same
order (assuming the empirical results that cores have only two
nodes holds true) and weight, which means that core groups
can be compared by their distances. Assuming the orders of
the groups were equal, then group 305 would be stronger than
groups 310, 315, and 320 (because it has a smaller weight).
Groups 310 and 315 have equal weight; if they also had equal
order, then the distance would determine which group is
stronger (group 315 would be considered stronger, because it
has a smaller average distance between nodes).

Group 3201is an interesting group, in that it has seven nodes
(nodes 53,55, 65, 66, 67, 69, and 70) that have the core as their
nearest neighbor. Each of these nodes is the root of a true
sub-tree: there is no core group within any of the sub-trees.
Only two of the sub-trees (rooted at nodes 66 and 70) have any
nodes linked to them. The depth of group 320 is determined
from node 72, which is linked to the core via nodes 64 and 70
(atotal of three hops to reach the core): no node is further from
the core than node 72.

Groups 305, 310, 315, and 320 are all relatively small, and
appear to be balanced. A group is considered unbalanced if it
includes a sub-tree that includes an excessive percentage of
the total nodes in the group. Unbalanced groups tend to be
weaker than balanced groups, and thus there is reason to
attempt to improve the graph by balancing the group. Empiri-
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8

cal testing has determined that a usable threshold percentage
of'nodes to unbalance a group is 50-60%: that is, if a sub-tree
of the group includes more than 50-60% of the nodes in the
group, then the group is considered unbalanced. Looking at
group 320, for example, the largest sub-tree is the sub-tree
rooted at node 70, which includes a total of three nodes. As the
group as a whole has 12 nodes, this sub-tree only has 25% of
the nodes, and the group is considered balanced. A person of
ordinary skill in the art will recognize that the threshold
percentage can be set to any desired level, and that the sug-
gested threshold percentage of 50-60% is only a suggestion.

When a group is unbalanced, the sub-tree that has unbal-
anced the group can be split off from the group, and made into
its own group. Obviously, this new group will not have a core,
making it a non-core group. Non-core groups are considered
weaker than core groups, without regard to the relative order,
weight, or distance of the groups. A person of ordinary skill in
the art will recognize that the remainder of the original group
might remain unbalanced: based on its new weight, there
might be a remaining sub-tree that again unbalances the
group, in which case the group might again require a heavy
sub-tree to be split off. But the overall graph is better balanced
as a result.

FIG. 4 shows a flowchart of a procedure for constructing a
graph representing the relationships among members of a
data set, according to an embodiment of the invention. In FIG.
4, at block 405, the system identifies the members of a data
set. The data set itself can be defined independently of
embodiments ofthe invention; thus, the “identification” of the
members of the data set can be independent of embodiments
of'the invention. At block 410, the system identifies relation-
ships among the members of the data set. As discussed above,
any desired technology can be used to determine the relation-
ships among the members of the data set; how the relation-
ships among the members of the data set are determined is
independent of embodiments of the invention.

At block 415, the system identifies the nearest neighbor of
each member. At block 420, the system determines the dis-
tance between a member and its nearest neighbor. At block
425, the system allocates each member to a group, based on
its nearest neighbor. At block 430, the system determines
each group’s strength (that is, each group’s order, weight, and
distance). At block 435, the system constructs a graph repre-
senting the members of the data set and their relationships.

At block 440, the system determines if there is a group that
is unbalanced. If a group is unbalanced, then at block 445, the
system splits off a heavy sub-tree from the group. Control
then returns to block 440 to check for another unbalanced
group. Otherwise, at block 450 the system can use the graph
to answer a query about the members of the data set.

FIG. 5 shows a flowchart of a procedure to use the graph
representing the relationships among members of a data set to
respond to a query, according to an embodiment of the inven-
tion. In FIG. 5, at block 505, the system identifies a member
of the data set that best answers the query. At block 510, the
system identifies the group that includes the member of the
data set that best answers the query. At block 515, the system
returns the member of the data set that best answers the query.
Atblock 520, the system sorts the other members of the group
that includes the member that best answers the query, accord-
ing to their distance from the member that best answers the
query. At block 525, the system returns other members of the
group that includes the member that best answers the query,
based on their distance from the member that best answers the
query.

FIG. 6 shows a machine that can join groups in the graph
representing the relationships among members of a data set,
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according to an embodiment of the invention. Machine 605 is
similar to machine 105 of FIG. 1: machine 605 can also be
combined with machine 105, to provide multiple functional-
ities.

Machine 605 includes various components. Input port 610
is responsible for receiving groupings of members of data
sets, as determined by different sources. For example, two
different users might independently process a data set as
described in FIGS. 1-5, but using different methodologies,
resulting in different groupings. Or, different users might
process different data sets (using either the same of different
methodologies), that now need to be combined. Input port
610 can receive these graphs from the different users.

Join tester 615 is responsible for testing whether it is ben-
eficial to join particular sets of groups from the two users. In
general, the same number of groups are taken from each
user’s graph and combined, or merged, to form a single new
group. The combined group can then be analyzed using the
methodologies discussed above to determine relationships
among the members of the group. Join tester 615 can work
with one group at a time from each user, or with multiple
groups from each user.

To test whether the combined group is stronger than the
individual groups from the users, join tester 615 can deter-
mine the strength (that is, the order, weight, and distance) of
the potential combined group. If the strength of the potential
combined group is stronger than the sum of the strengths of
the individual groups, then combiner 620 combines, or
merges, the groups from the individual users into a merged
group, which is added to the graph; the original individual
groups are removed from the respective user’s graphs.

Output port 625 is responsible for outputting the result of
merging any groups, to produce a final graph, merging the
data from the two original graphs.

FIG. 7 shows an example of two groups being joined by the
machine of FIG. 6. In FIG. 7, combiner 520 is shown receiv-
ing groups 705 and 710 from different users, and producing
combined group 715 instead. A person of ordinary skill in the
art will recognize that groups 705, 710, and 715, although
represented using the same symbol as graph 215 of FIG. 2, are
not intended to necessarily be the same as group 215 of FIG.
2.

FIG. 8 shows a flowchart of a procedure to join groups in
the graph representing the relationships among members of a
data set, according to an embodiment of the invention. In FIG.
8, at block 805, the system identifies two pluralities of groups:
that is, two graphs from data analysis performed by users. At
block 810, the system identifies sets of groups from each
graph, where each set has the same number of members. At
block 815, the system merges the sets of groups. At block 820,
the system receives a description of the relationships among
the members of the merged group. At block 825, the system
determines a strength (that is, order, weight, and distance) for
the merged group. At block 830, the system determines the
sum of the strengths of the groups in the selected sets.

At block 835, the system compares the strength of the
merged group with the summed strengths of the individual
groups. Ifthe merged group is stronger, then at block 840 the
system replaces the individual groups with the merged group.
Either way, at block 845, the system determines if there are
more mergers to try. If so, then control returns to block 810 to
try more mergers. Otherwise, at block 850, the system outputs
the resulting graph, including the merged groups.

FIG. 9 shows a machine that can determine why members
of a data set a related, according to an embodiment of the
invention. Machine 905 is similar to machine 105 of FIG. 1
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10
and machine 605 of FIG. 6: machine 1405 can also be com-
bined with machines 105 and 605, to provide multiple func-
tionalities.

Machine 905 includes various components. Input port 910
is responsible for receiving a group of members of a data set.
Key symbol identifier 915 is responsible for identifying key
symbols in the members of the group. Key symbols are basi-
cally all symbols used in the members of the group, without
regard to “common” symbols. For example, if the members of
the data set are documents written in English, the key symbols
include symbols such as “a”, “an”, “the”, “is”, and various
other common words that are likely to be found in all docu-
ments.

Weighted magnitude calculator 920 is responsible for cal-
culating the weighted magnitude for each key symbol iden-
tified by key symbol identifier 915, within the group. And
sorter 925 is responsible for sorting the key symbols based on
their weighted magnitude. As described below, this sorting
can be used to provide a name for the group.

FIG. 10 shows details about the weighted magnitude cal-
culator of FIG. 9. In FIG. 10, weighted magnitude calculator
920 includes frequency calculator 1005, which determines a
frequency for each key symbol in each a given member of the
group. Each key symbol’s frequency is relative to all symbols
in that member of the group. When put in sequence in a vector,
the frequency of each key symbol in the member of the group
forms a digital essence vector for the member of the group.

Maximum value calculator 1010 determines the maximum
frequency of all key symbols in all members of the group.
Magnitude calculator 1015 determines the magnitude of each
key symbol. The magnitude of the key symbol is the sum of
the frequencies of the key symbol from each member of the
group, divided by the number of members in the group mul-
tiplied by the maximum value for any key symbol.

Variation calculator 1020 determines the variation of the
key symbol. The variation of the key symbol measures the
difference between the frequency of the key symbol in a
particular member of the group relative to all key symbol
frequencies in all members of the group. That is, the variation
is calculated by determining the absolute value of the differ-
ence between the frequency of the key symbol in that docu-
ment and the frequency of every other value in every other
digital essence vector in the group. The absolute values of
these differences can then be summed and normalized by
dividing the sum by (n*(n-1))/2 times the maximum value for
any key symbol, where n is the number of members in the
group. Variation calculator 1020 can also calculate the inverse
variation, which is the difference between the maximum
value for any key symbol and the variation, using inverse
variation calculator 1025. Calculating and using the inverse
variation (as opposed to the standard variation) means that the
calculated weighted magnitudes for the key symbols have
their ordinary interpretation: that is, a larger weighted mag-
nitude implies a more important key symbol. But a person of
ordinary skill in the art will recognize that the weighted
magnitude can be calculated using the standard variation, in
which case smaller values are considered more significant.

Finally, product calculator 1030 determines the weighted
magnitude by multiplying the magnitude, as determined by
magnitude calculator 1015, with the inverse variation, as
determined by inverse variation calculator 1025.

The above description assumes that all the members of the
data set are part of a single relevancy group. But as discussed
above, there can be multiple relevancy groups for a single data
set. In that case, the magnitude, variation, and weighted mag-
nitude (and inverse variation) can be calculated based only on
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the members of a particular relevancy group (although the
maximum value can be calculated across all members of the
data set).

FIG. 11 shows details about the sorter of F1IG. 9. In F1G. 11,
sorter 925 includes common key symbol filter 1105. Com-
mon key symbol filter 1105 filters out any common key sym-
bols, which occur too frequently to be considered pertinent in
interpreting the data set. The remaining key symbols, the
“uncommon” key symbols, when sorted using sorter 925, can
form a name for the group. The name might not necessarily be
readable or understandable to a human, but the name is at least
electronically distinguishable from other groups.

In the above description, the weighted magnitudes of the
key symbols are determined relative only to the members of
the group. But a person of ordinary skill in the art will recog-
nize that the key symbols can be drawn from all members of
the data set, not just those in the group. In that way, the
weighted magnitude of the key symbols can be compared to
the weighted magnitude of the key symbols as computed for
other groups of members from the overall data set.

An example might prove useful to understanding how the
weighted magnitudes of the key symbols are calculated. Con-
sider the (arbitrary) data set consisting of six members shown
in Table 3:

TABLE 3
File name: File contents:
F1 red red red blue blue blue
F2 blue blue blue yellow yellow yellow yellow
F3 yellow yellow blue red red red
T4 one one one one two two three
F5 one one two two two two three
F6 one one two two two three three three three three three

There are six key symbols in these six files: alphabetically,
the symbols are “blue”, “one”, “red”, “three” “two”, and
“yellow”. (For purposes of understanding how embodiments
of'the invention operate to calculate weighted magnitudes for
the key symbols, the fact that these key symbols are all rela-
tively common is ignored.) These files can be grouped into
two relevancy groups. Files F1, F2, and F3 form one rel-
evancy group, and files F4, F5, and F6 form another relevancy
group.

As can be seen, there are six key symbols in file F1. Three
of these key symbols are “red”, and three of these key sym-
bols are “blue”. Thus, “red” comprises 50% of the key sym-
bols in file F1, and “blue” comprises 50% of the key symbols
in file F1; the other symbols comprise 0% of the file. Thus, the
digital essence vector for file F1 is <0.5,0, 0.5,0,0,0>. In a
similar manner, digital essence vectors can be constructed for
all six files; these digital essence vectors are shown in Table 4:

TABLE 4
File name: Digital essence vector:
F1 <0.5, 0, 0.5 0, 0, 0>
F2 <043, O, 0, 0, 0, 0.57>
F3 <0.17, O, 0.5 0, 0, 0.33>
F4 <0, 0.57, 0, 0.14, 0.29, 0>
F5 <0, 0.29, 0, 0.14, 0.57, 0>
F6 <0, 0.18, 0, 0.55, 0.27, 0>

Note that the digital essence vector for a given file is inde-
pendent of the relevancy group that includes the file.

A cursory examination of Table 4 also shows that the
maximum value for any key symbol is 0.57 (shared by “yel-
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low” in file F2, “one” in file F4, and “two” in file F5). In
general, the maximum value is determined relative to the files
in the relevancy group for which the weighted magnitudes are
being calculated. But in this example, the maximum value for
any key symbol is the same in both relevancy groups. Thus,
for purposes of this example, the term “maximum value”
could be used without qualifying to the relevancy group.

Using the digital essence vectors as a vector in N-dimen-
sional space, each vector representing its corresponding file,
the distance between each pair of files can be calculated,
using any desired distance metric. For example, Table 5
shows the distances between pairs of files measured using the
Euclidean distance metric

d(.y) = diy.x) = | & (-

TABLE 5

Fl1: F2: F3: F4: F5: F6:
F1: 0.76 047 0.96 0.96 0.95
F2: 0.76 0.61 0.97 0.97 0.96
F3: 0.47 0.61 0.90 0.90 0.89
F4: 0.96 0.97 0.90 0.40 0.56
F5: 0.96 0.97 0.90 0.40 0.51
Fé6: 0.95 0.96 0.89 0.56 0.51

As can be seen in Table 5 the distance between vectors in
N-dimensional space is symmetric: that is, the distance
between files F1 and F2 does not depend on which file is the
“starting point” for determining the distance between the
files. (Compare this with the “nearest neighbor” relationship
described above, which is not a symmetric relationship.)
While the Euclidean distance metric is a well-known metric
for measuring distance in N-dimensional space, a person of
ordinary skill in the art will also recognize that other distance
metrics can be used: for example, the taxicab geometry dis-
tance metric could be substituted for the Euclidean distance
metric.

For each file, its nearest neighbor can be determined. As
can be intuitively understood, for a given file f, the nearest
neighbor of file f is the file that minimizes the distance
between file f and that other file. For example, the nearest
neighbor to file F1 is file F3, because the distance between
files F1 and F3 (0.47 units) is less than the distance between
file F1 and any other file. Table 6 shows the nearest neighbor

for each of the six files:
TABLE 6
File: Nearest neighbor:
F1 F3
F2 F3
F3 F1
F4 F5
F5 F4
F6 F5

Again, as noted previously, the nearest neighbor relation-
ship is not a symmetric relationship: that is, the fact that a first
file is nearest to a second file does not imply that the second
file is nearest to the first file. For example, the nearest neigh-
bor to file F2 is file F3, but the nearest neighbor to file F3 is file
F1.
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Table 6 also shows how the relevancy groups can be
formed. Files F1 and F3 form a core group (as each is the
other’s nearest neighbor), with file F2 attached to this core
group. Similarly, files F4 and F5 form a core group, with file
F6 attached to this core group. Based on this nearest neighbor
relationship, there is nothing that links these two relevancy
groups.

Next, for each relevancy group, the magnitude of each key
symbol can be calculated as the sum of all the values for that
key symbol in the digital essence vectors for each file in the
relevancy group, scaled by the maximum value for any key
symbol in the relevancy group and the number of files in the
relevancy group. Using “blue” as an example, “blue” has the
values 0.5, 0.43, 0.17, 0, 0, and O in the six digital essence
vectors; the first three values come from members of the first
relevancy group, and the last three values come from mem-
bers of the second relevancy group. Thus, the magnitude for
the key symbol “blue” in the first relevancy group is (0.5+
0.43+0.17)/(0.57*3)=1.1/1.71=0.64. But the magnitude for
the key symbol “blue” in the second relevancy group is (0+0+
0)/(0.57*3)=0/1.71=0. In a similar manner the magnitudes of
the other key symbols can be calculated in each relevancy
group. Table 7 and Table 8 show the magnitudes for the two
relevancy groups.

The variation is calculated by summing the absolute value
of the differences between the values for the key symbol in
each pair of members in the relevancy group, scaled by the
number of calculated differences. Thus, the variation for the
key symbol “blue” in the first relevancy group is (10.5-0.431+
10.5-0.171+10.43-0.171)/3=0.22, whereas the variation for
the key symbol “blue” in the second relevancy group is (10—
01+10-01+10-01)/3=0. In a similar manner the variations of the
other key symbols can be calculated. Table 7 and Table 8 show
the variations for the two relevancy groups.

The inverse variation is calculated by subtracting the varia-
tion from the maximum value for any key symbol in the
relevancy group. Thus, the inverse variation for the key sym-
bol “blue” in the first relevancy group is 0.57-0.22=0.35, and
the inverse variation for the key symbol “blue” in the second
relevancy group is 0.57-0=0.57. In a similar manner the
inverse variations of the other key symbols can be calculated.
Table 7 and Table 8 show the inverse variations for the two
relevancy groups.

Finally, the weighted magnitude is calculated by multiply-
ing the inverse variation by the magnitude. Thus, the
weighted magnitude for the key symbol “blue” in the first
relevancy group is 0.64%0.35=0.22, whereas the weighted
magnitude for the key symbol “blue” in the second relevancy
group is 0%0.57=0. In a similar manner the weighted magni-
tudes of the other key symbols can be calculated. Table 7 and
Table 8 show the weighted magnitudes for the two relevancy

groups.
TABLE 7
Key Inverse Weighted
symbol  Magnitude Variation variation magnitude
“blue” 0.64 0.22 0.35 0.22
“one” 0 0 0.57 0
“red” 0.58 0.33 0.24 0.14
“three” 0 0 0.57 0
“two” 0 0 0.57 0
“yellow” 0.53 0.38 0.19 0.10
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TABLE 8
Key Inverse Weighted
symbol  Magnitude Variation variation magnitude
“blue” 0 0 0.57 0
“one” 0.61 0.26 0.31 0.19
“red” 0 0 0.57 0
“three” 0.49 0.27 0.3 0.15
“two” 0.66 0.2 0.37 0.24
“yellow” 0 0 0.57 0

The key symbols can now be sorted by their weighted
magnitude, which shows their relative importance in each
relevancy group. Thus, the sorted key symbols for the first
relevancy group are “blue”, “red”, and “yellow”; the remain-
ing key symbols are not relevant. Similarly, the sorted key
symbols for the second relevancy group are “two”, “one”, and
“three”, with the other key symbols not relevant.

These results make intuitive sense, as “blue is found in all
the files in the first relevancy group, whereas “red” and “yel-
low” are not. Similarly, “two” is found more frequently in the
files in the second relevancy group than either “one” or
“three”.

By taking the key symbols in their sorted order, names can
be constructed for the relevancy groups. Thus, the name for
the first relevancy group can be “blue, red, yellow”, whereas
the name for the second relevancy group can be “two, one,
three”.

FIG. 12 shows a flowchart of a procedure to describe why
members of a data set a related, according to an embodiment
of the invention. In FIG. 12, at block 1205, the system iden-
tifies a group of members of data set. At block 1210, the
system determines the key symbols in the members of the
group. As discussed above, the system can actually determine
the key symbols used in all members of the data set, and not
justthose members of the data set that are part of the group. At
block 1215, the system determines a weighted magnitude for
each key symbol.

At block 1220, the system filters out the common key
symbols, leaving only the “uncommon” key symbols. At
block 1225, the system sorts the key symbols according to
their weighted magnitudes. At block 1230, the sorted uncom-
mon key symbols are assigned as a name for the group.

FIG. 13 shows a flowchart of a procedure to calculate the
weighted magnitude for a key symbol, according to an
embodiment of the invention. In FIG. 13, at block 1405, the
system determines a frequency for each symbol in each mem-
ber ofthe group, relative to all other key symbols in the group.
At block 1305, the system determines a magnitude for each
key symbol. At block 1310, the system determines a variation
for each key symbol.

At bock 1315, the system determines the maximum value
for all key symbols in the relevancy group. At block 1320, the
system determines the inverse variation for all key symbols.
Atblock 1325, the system calculates the weighted magnitude
for all key symbols.

Appendix A below includes source code programmed in
the Java® programming language that implements an
embodiment of the invention as described above in FIGS.
9-13. (Java is a registered trademark of Oracle America, Inc.
and/or its affiliates.) A person of ordinary skill in the art will
recognize that embodiments of the invention can be imple-
mented in other programming languages, and that the source
code shown in Appendix A is only one possible implementa-
tion using the Java programming language.

Although the flowcharts shows the blocks as being per-
formed in a particular sequence, a person of ordinary skill in
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the art will recognize that the blocks can be rearranged into
other logical sequences, which are considered parts of
embodiments ofthe invention. In addition, various blocks can
be omitted without comprising the functionality of embodi-
ments of the invention. Finally, embodiments of the invention
can be combined in any desired manner.

The following discussion is intended to provide a brief,
general description of a suitable machine in which certain
aspects of the invention can be implemented. Typically, the
machine includes a system bus to which is attached proces-
sors, memory, e.g., random access memory (RAM), read-
only memory (ROM), or other state preserving medium, stor-
age devices, a video interface, and input/output interface
ports. The machine can be controlled, at least in part, by input
from conventional input devices, such as keyboards, mice,
touch screens, etc., as well as by directives received from
another machine, interaction with a virtual reality (VR) envi-
ronment, biometric feedback, or other input signal. As used
herein, the term “machine” is intended to broadly encompass
a single machine, or a system of communicatively coupled
machines or devices operating together. Exemplary machines
include computing devices such as personal computers,
workstations, servers, portable computers, handheld devices,
telephones, tablets, etc., as well as transportation devices,
such as private or public transportation, e.g., automobiles,
trains, cabs, etc.

The machine can include embedded controllers, such as
programmable or non-programmable logic devices or arrays,
Application Specific Integrated Circuits, embedded comput-
ers, smart cards, and the like. The machine can utilize one or
more connections to one or more remote machines, such as
through a network interface, modem, or other communicative
coupling. Machines can be interconnected by way of a physi-
cal and/or logical network, such as an intranet, the Internet,
local area networks, wide area networks, etc. One skilled in
the art will appreciate that network communication can uti-
lize various wired and/or wireless short range or long range
carriers and protocols, including radio frequency (RF), satel-
lite, microwave, Institute of Electrical and Electronics Engi-
neers (IEEE) 545.11, Bluetooth, optical, infrared, cable,
laser, etc.

The invention can be described by reference to or in con-
junction with associated data including functions, proce-
dures, data structures, application programs, instructions, etc.
which, when accessed by a machine, result in the machine
performing tasks or defining abstract data types or low-level
hardware contexts. Associated data can be stored in, for
example, the volatile and/or non-volatile memory, e.g., RAM,
ROM, etc., or in other storage devices and their associated
storage media, including hard-drives, floppy-disks, optical
storage, tapes, flash memory, memory sticks, digital video
disks, biological storage, and other tangible, physical storage
media. Associated data can also be delivered over transmis-
sion environments, including the physical and/or logical net-
work, in the form of packets, serial data, parallel data, propa-
gated signals, etc., and can be used in a compressed or
encrypted format. Associated data can be used in a distributed
environment, and stored locally and/or remotely for machine
access.

Having described and illustrated the principles of the
invention with reference to illustrated embodiments, it will be
recognized that the illustrated embodiments can be modified
in arrangement and detail without departing from such prin-
ciples, and can be combined in any desired manner. And
although the foregoing discussion has focused on particular
embodiments, other configurations are contemplated. In par-
ticular, even though expressions such as “according to an
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embodiment of the invention” or the like are used herein,
these phrases are meant to generally reference embodiment
possibilities, and are not intended to limit the invention to
particular embodiment configurations. As used herein, these
terms can reference the same or different embodiments that
are combinable into other embodiments.

Consequently, in view of the wide variety of permutations
to the embodiments described herein, this detailed descrip-
tion and accompanying material is intended to be illustrative
only, and should not be taken as limiting the scope of the
invention. What is claimed as the invention, therefore, is all
such modifications as can come within the scope and spirit of
the following claims and equivalents thereto.

The invention claimed is:

1. An apparatus, comprising:

a computer;

an input port to receive a group including members of a
data set;

a key symbol identifier to identify a key symbol for the
group;

a weighted magnitude calculator to calculate a weighted
magnitude for each key symbol based on a number of
occurrences for each key symbol in the members divided
by a total number of members for the group to form a
quotient that is multiplied by a maximum value for that
key symbol; and

a sorter to sort the key symbols based on the weighted
magnitude for each key symbol;

wherein the weighted magnitudes of the sorted key sym-
bols are used to represent relationships for each member
of the group relative to remaining ones of the members,
and wherein the group includes a group strength, the
group strength is a combination of: a group order for the
group, a group weight for the group, and a group dis-
tance for the group, and wherein the combination is
calculated to ensure that the group order is more signifi-
cant than the group weight and the group weight is more
significant than the group distance, and wherein the
group weight is a maximum number of hops that must be
made from any member within the group to reach a core
of the data set and the core is a particular set of members
of the data set such that each member is the nearest
neighboring member of each other member, and
wherein the group order is determined by a total number
of the members within the group, and wherein the group
distance is a calculated average distance for each mem-
ber of the group to the nearest neighboring member for
that member, and wherein the group strength is com-
pared against other calculated group strengths for other
groups to determine a strength between the group and
the other groups relative to one another.

2. The apparatus according to claim 1, wherein each of the
key symbols are operative to identify remaining ones of the
key symbols in the members.

3. The apparatus according to claim 1, wherein the sorter
includes a common key symbol filter to filter out a common
key symbol from each of the symbols, producing an uncom-
mon key symbol.

4. The apparatus according to claim 3, wherein the uncom-
mon key symbol forms a name for the group.

5. The apparatus according to claim 1, wherein the
weighted magnitude calculator includes:

a frequency calculator to calculate a frequency of each key
symbol relative to the remaining ones of the key symbols
in each of the members of the group;

a magnitude calculator to calculate a magnitude of each
key symbol from each of the members of the group;
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a variation calculator to calculate a variation for each key
symbol relative to the frequency for each of the remain-
ing ones of the key symbols in each of the remaining
ones of the members of the; and

aproduct calculator to calculate a weighted magnitude as a
product of the magnitude and the variation for each of
the members of the group.

6. The apparatus according to claim 5, wherein:

the magnitude calculator includes a maximum value cal-
culator to calculate a the maximum value for each of the
key symbols in each of the members of the group; and

the variation calculator includes an inverse variation cal-
culator to subtract the variation of each key symbol from
a summed maximum value calculated by summing the
maximum values for each of the key symbols in the
group.

7. A method, comprising:

using a processor, identifying a group including members
of a data set;

identifying key symbols in the group, the group including
atleast one member of the data set including other mem-
bers;

determining a weighted magnitude for each key symbol;

sorting the key symbols based on a weighted magnitude for
each of the key symbols, the sorted key symbols; and

defining a group strength for the group as a combination of:
agroup order for the group, a group weight for the group,
and a group distance for the group, wherein the group
order is a total number of members present within the
group, the group weight is a maximum number of hops
that must be made from any member within the group to
reach a core of the data set and the core is a particular set
of members of the data set such that each member is the
nearest neighboring member of each other member, the
group distance is a calculated average distance for each
member of the group to the nearest neighboring member
for that member, and wherein the combination is calcu-
lated to ensure that the group order is more significant
than the group weight and the group weight is more
significant than the group distance and comparing the
group strength against other calculated strengths for
other groups for determining a strength between the
group and the other groups;

wherein the weighted magnitudes of the sorted key sym-
bols represent relationships for each member of the
group relative to remaining ones of the members of the
group.

8. The method according to claim 7, wherein identifying
key symbols further includes identifying each of the key
symbols in each of the members.

9. The method according to claim 7, wherein sorting the
key symbols further includes filtering common key symbols
out from the key symbols, producing uncommon key sym-
bols.

10. The method according to claim 9, wherein sorting the
key symbols includes further assigning the uncommon key
symbols as names for the group.

11. The method according to claim 7, wherein determining
the weighted magnitude for each key symbol further includes:

for each member of the group, determining a frequency of
for a particular key symbol of that member the key
symbol relative to remaining ones of that member’s key
symbols;

determining a magnitude of the key symbols occurring
within each of the members based on a number of occur-
rences for each key symbol in the members divided by a
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total number of members for the group to form a quotient
that is multiplied by a maximum value for that key
symbol;

determining a variation of the key symbols for the mem-

bers relative to the frequency of each the members and
that member’s key symbols; and

determining the weighted magnitude for each key symbol

as a product of that key symbol’s magnitude and that key
symbol’s variation.

12. The method according to claim 11, wherein determin-
ing the variation of the key symbols further includes:

determining a particular maximum value for each of key

symbols in each of the members; and

subtracting the variation of each of the key symbols from

the particular maximum value for the key symbols for
the group, the particular maximum value calculated by
summing each member’s key values with the remaining
ones of the member’s key values.

13. An article comprising a non-transitory storage medium,
said non-transitory storage medium having stored thereon
instructions, that, when executed by a machine, result in:

identifying a group including a particular member of a data

set having multiple other members;

identifying key symbols in the group;

determining a weighted magnitude for each key symbol

based at least in part on anumber of occurrences for each
key symbol in the members divided by a total number of
members for the group to form a quotient that is multi-
plied by a maximum value for that key symbol;

sorting the key symbols according to weighted magnitudes

for each of the key symbols; and

defining a group strength for the group as a combination of:

agroup order for the group, a group weight for the group,
and a group distance for the group, wherein the group
order is a total number of members present within the
group, the group weight is a maximum number of hops
that must be made from any member within the group to
reach a core of the data set and the core is a particular set
of members of the data set such that each member is the
nearest neighboring member of each other member, the
group distance is a calculated average distance for each
member of the group to the nearest neighboring member
for that member, and wherein the combination is calcu-
lated to ensure that the group order is more significant
than the group’s weight and the group’s weight is more
significant than the group’s distance, and comparing the
group strength against other calculated strengths for
other groups for determining a strength between the
group and the other groups;

wherein the weighted magnitudes of the sorted key sym-

bols represent relationships for each member of the
group relative to remaining ones of the members of the
group.

14. The apparatus according to claim 13, wherein identi-
fying the key symbols includes identifying each of key sym-
bols each of the members of the data set.

15. The article according to claim 13, wherein sorting the
key symbols includes filtering common key symbols out from
the, producing a plurality of uncommon key symbols.

16. The article according to claim 15, wherein sorting the
key symbols includes further assigning the uncommon key
symbols as names for the group.

17. The article according to claim 13, wherein determining
the weighted magnitudes further includes:

for each member of the group, determining a frequency of

the key symbol for the member relative to remaining
ones of the key symbols in that member of the group;
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determining a magnitude for each key symbol from each of
the members of the group;

determining a variation of each key symbol relative to the
frequency of each other key symbol for each member of
the group; and

determining the weighted magnitude for each key symbol
as aproduct of the magnitude for that key symbol and the
variation for that key symbol.

18. The article according to claim 17, wherein determining

the variations further includes:

determining a maximum value for each of the key symbols
in each of the members of the group; and

subtracting the variation of the each of the key symbols
from a maximum value for remaining ones of the key
symbols for the group, the maximum value calculated by
summing each member’s key values with the remaining
ones of the member’s key values.
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